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Abstract. This paper provides an overview of important developments in the

field of Knowledge Engineering. We discuss the paradigm shift from a transfer

to a modeling approach and discuss two prominent methodological
achievements. problem-solving methods and ontologies. To illustrate these and
additional concepts we outline several modeling frameworks: CommonKADS,

MIKE, PROTEGE-II, and D3. We also discuss two fields which have emerged
in the last few years and are promising areas for applying and further developing
concepts and methods from Knowledge Engineering: Intelligent Information
Integration and Knowledge Management.

1 Introduction

Inits early days, research in Artificial Intelligence was focused on the development of
formalisms, inference mechanisms and tools, for operationalizing Knowledge-based
Systems (KBS). Typically, the development efforts were restricted to the realization of
small KBSsin order to study the feasibility of new approaches.

Although these studies brought forth rather promising results, the transfer of this
technology for building commercial KBSs failed in many cases. Just as the software
crisis resulted in the establishment of the discipline Software Engineering, the
unsatisfactory situation in the construction of KBSs made clear the need for more
methodological approaches. Thus the goal of Knowledge Engineering (KE) is similar
to that of Software Engineering: constructing KBSs in a systematic and controlable
manner. This requires an analysis of the building and maintenance process itself and
the development of appropriate methods, languages, and tools suitable for developing
KBSs.

Subsequently, we will first give an overview of some important achievements in KE:

we discuss the paradigm shift from the so-called transfer approach to the so-called
modeling approach. This paradigm shift is occasionally also considered as the transfer

from first generation expert systems to second generation expert systems [22]. In
addition, we will discuss the notion of problem-solving methods and ontologies. In
Section 3 we will present some modeling frameworks which have been developed in

recent years: D3 [78], CommonKADS [81], MIKE [4], and PROTEGE-II [77]. This
section concludes with a brief description of the IBROvdmework for configuring
problem-solvers on the Web. In Section 4 and 5 we will discuss two new fields that
have emerged during the last years: Intelligent Information Integration and Knowledge



Management. Both fields provide promising perspectives for the future devel opment
of KE methods.

In KE much effort has also been invested in developing methods and supporting tools
for knowledge €licitation (compare [29]). In the VITAL approach [82], eg., a
collection of dlicitation tools, like repertory grids (see [43]), are offered for supporting
the elicitation of domain knowledge. However, a discussion of the various elicitation
methods is beyond the scope of this paper. A more detailed description of some
concepts and approaches discussed in this paper may be found in [85].

2 Achievements

In this section we will discuss some major concepts which were developed in the KE
field in the last fifteen years. We will first outline the paradigm shift from the transfer
to the modeling approach and then discuss two fundamental concepts in that modeling
framework: Problem-Solving Methods and Ontologies.

2.1 Knowledge Engineering as a Modeling Process

In the early 1980s the development of a KBS was seen as a process of transfering
human knowledge to an implemented knowledge base. This transfer was based on the
assumption that the knowledge which is required by the KBS already exists and only
has to be collected and implemented [67]. Typically, this knowledge was implemented
in sometype of production rules which were executed by an associated rule interpreter.

A careful analysis of the various rule knowledge bases has shown, however, that the

rather simple representation formalism of production rules did not support an adequate
representation of different types of knowledge [18]. Such a mixture of knowledge

types, together with the lack of adequate justifications of the different rules makes the
maintenance of such knowledge bases very difficult and time consuming. Therefore,

this transfer approach was only feasible for the development of small prototypical
systems, but it failed to produce large, reliable and maintainable knowledge bases.
Furthermore, it was recognized that the assumption of the transfer approach, that is

that knowledge acquisition is the collection of already existing knowledge elements,

was false due to the important role of tacit knowledge for an expert’s problem-solving
capabilities.

These deficiencies resulted in a paradigm shift from the transfer approach to the
modeling approach. This paradigm shift was also inspired by NeweRgowledge

Level notion [70]. This knowledge level proposes the modeling of knowledge
independent from its implementation and to structure knowledge models with respect
to different knowledge types.

In the modeling framework constructing a KBS means building a computer model
with the aim of realizing problem-solving capabilities comparable to a domain expert.
Since an expert is not necessarily aware of some knowledge that is part of his or her
skills, this knowledge is not directly accessible, but has to be constructed and
structured during the knowledge acquisition phase. This knowledge acquisition
process is therefore seen as a model construction process [20].



Some observations can be made about this modeling view of the building process of a
KBS:

¢ Like every model, such a model is only @proximation of reality.

* The modeling process is @clic process. New observations may lead to a
refinement, modification, or completion of the already constructed model. On the
other hand, the model may guide the further acquisition of knowledge.

 The modeling process is dependent on the subjective interpretations of the
knowledge engineer. Therefore this process is typigaillyfy and an evaluation
of the model with respect to reality is indispensable for the creation of an
adequate model.

2.2 Problem-Solving Methods

Originally, KBSs used simple and generic inference mechanisms to infer outputs for
provided cases. The knowledge was assumed to be given “declaratively” by a set of
Horn clauses, production rules, or frames. Inference engines like unification, forward
or backward resolution, and inheritance dealt with the dynamic part of deriving new
information. However, human experts use knowledge about the dynamics of the
problem-solvingrocess and such knowledge is required to enable problem-solving in
practice and not only in principle [40]. [18] provided several examples where
knowledge engineers implicitly encoded control knowledge by ordering production
rules and premises of these rules which together with the generic inference engine,
delivered the desired dynamic behaviour. Making this knowledge explicit and
regarding it as an important part of the entire knowledge contained by a KBS, is the
rationale that underlieBroblem-Solving Methods (PSMs). PSMs refine the generic
inference engines mentioned above to allow a more direct control of the reasoning
process. PSMs describe this control knowledge independent from the application
domain, enabling reuse of this strategic knowledge for different domains and
applications. Finally, PSMs abstract from a specific representation formalism as
opposed to the general inference engines that rely on a specific representation of the
knowledge. In the meantime, a large number of such PSMs have been developed and
libraries of such methods provide support in their reuse for constructing new
applications.

Reuse is a promising way to reduce development costs of software and knowledge-
based systems. The basic idea is that a KBS can be constructed from ready-made parts
instead of being built up from scratch. Research on PSMs has adopted this philosophy
and several PSM libraries have been developed. In the following, we sketch several
issues involved in developing such libraries:

» There are currently several libraries of PSMs. They all aim at facilitating the
knowledge-engineering process, yet they differ in various ways. In particular,
libraries differ along dimensions such as universality, formality, granularity, and
size. The type of a library is determined by its characterization in terms of these
above dimensions. Each type has a specific role in the knowledge engineering
process and has strong and weak points.

» There are several alternatives for organizing a library and each of them has



consequences for indexing PSMs and for their selection. Determining the ‘best’
organizational principle for such libraries is still an issue of debate.

¢  Whatever the organizational structure of the library, PSMs are used to realize
tasks (tasks describe the&har, PSMs describe théow) by applying domain
knowledge. Therefore, there are two possible reasons why a PSM cannot be
applied to solve a particular problem: (1) if its requirements on domain
knowledge are not fulfilled, or (2) if it cannot deliver what the task requires, that
is, if its competence or functionality is not sufficient for the task. Methods for
weakening and strengthening PSMs are discussed in [87].

» Traditionally, PSMs are described in an operational style. They are described as
decomposing a task into a set of subtasks by introducing their dataflows and
knowledge roles and by defining some control on how to execute the subtasks.
However, these are not the most important aspects from the standpoint of reuse.
As mentioned earlier, two main aspects decide about the applicability of a PSM in
a given application: whether the competence of the method is able to achieve the
goal of the task and whether the domain knowledge required by the method is
available. [6] discussed the characterizations of PSMs by their functionality
where the functionality is defined in terms of assumptions over available domain
knowledge. Meanwhile several papers have appeared providing declarative
characterizations of PSMs (e.g. [9], [39], [21] ) and thus dealing with an
important line of future work on PSMs.

Offering brokering services for accesing Web-based PSM libraries and configuring
KBSs from these libraries is the goal of the IBROWS? project [10] (cf. Section 3.5).

2.3  Ontologies

Since the beginning of the 1990s ontologies have become a popular research topic and
have been investigated by several Artificial Intelligence research communities,
including KE, natural-language processing and knowledge representation. More
recently, the notion of ontology is also becoming widespread in fields such as
intelligent information integration, intelligent information retrieval on the Internet, and
knowledge management (see Sections 4 and 5). The reason that ontologies have
become so popular is in a large part due to what they promise: a shared and common
understanding of a domain that can be communicated across people and computers.

Many definitions of ontologies have been given in the last decade, but one that, in our
opinion, best characterizes the essence of an ontology is based on the definition in
[50]: An ontology is a formal, explicit specification of a shared conceptualization. A
‘conceptualization’ refers to an abstract model of some phenomenon in the world by
identifying the relevant concepts of that phenomenon. ‘Explicit’ means that the type of
concepts used and the constraints on their use are explicitly defined. ‘Formal’ refers to
the fact that the ontology should be machine readable, which excludes natural
language. ‘Shared’ reflects the notion that an ontology captures consensual knowledge,
that is, it is not private to some individual, but accepted by a group. Basically, the role
of ontologies in the knowledge engineering process is to facilitate the construction of a
domain model. An ontology provides a vocabulary of terms and relations with which a



domain can be modeled.

Especially because ontologies aim at consensua domain knowledge, their
development is often a cooperative process involving different people, possibly at
different locations. People who agree to accept an ontology are said to commit
themselves to that ontology.

Depending on their generality level, different types of ontologies that fulfil different
rolesin the process of building a KBS can be identified ([89], [53]). Among others, we
can distinguish the following ontology types.

* Domain ontologies capture the knowledge valid for a particular type of domain
(e.g. electronic, medical, mechanic, digital domain).

* Generic or commonsense ontologies aim at capturing general knowledge about
the world and provide basic notions and concepts for things like time, space, state,
event etc. ([75], [42]). As a consequence, they are valid across several domains.
For example, an ontology about mereology (part-of relations) is applicable in
many technical domains [12].

* Representational ontologies do not commit themselves to any particular domain.
Such ontologies provide representational entities without stating what should be
represented. A well-known representational ontology igtage Ontology [50],
which defines concepts such as frames, slots and slot constraints allowing us to
express knowledge in an object-oriented or frame-based way.

The ontologies mentioned above all capture static knowledge in a problem-solving
independent way. KE is, however, also concerned with problem-solving knowledge,
therefore the so-calledethod andrask ontologies are also useful types of ontologies
([38], [84]). Task ontologies provide terms specific for particular tasks (e.g.
'hypothesis’ belongs to the diagnosis task ontology) and method ontologies provide
terms specific to particular PSMs [48] (e.g. ‘correct state’ belongs to the Propose-and-
Revise method ontology). Task and method ontologies provide a reasoning point of
view on domain knowledge. In this manner, these ontologies help to solve the
‘interaction problem’ [15], which states that domain knowledge cannot be
independently represented from the way in which it will be used in problem solving
and vice versa. Method and task ontologies enable us to make explicit the interaction
between problem-solving and domain knowledge through assumptions ([9], [40]).

Part of the research on ontology is concerned with envisioning and constructing a
technology which enables the large-scale reuse of ontologies on a world-wide level. In
order to enable as much reuse as possible, ontologies should be small modules with a
high internal coherence and a limited amount of interaction between the modules. This
requirement and others are expressed in design principles for ontologies ([51], [52],
(88]).

Assuming that the world is full of well-designed modular ontologies, constructing a
new ontology is a matter of assembling existing ones. In [33] the Ontolingua server is
described which provides different kinds of operations for combining ontologies:
inclusion, restriction, and polymorphic refinement. The inclusion of one ontology in
another, e.g., has the effect that the composed ontology consists of the union of the two



ontologies (their classes, relations, axioms). The SENSUS system [86] provides a
means for constructing a domain specific ontology from given commonsense
ontologies. The basic ideais to use so-called seed elements which represent the most
important domain concepts for identifying the relevant parts of a top-level ontology.
The selected parts are then used as a starting point for extending the ontology with
further domain-specific concepts. Another approach for the systematic reuse of
commonsense ontologies is the KARO approach (Knowledge Acquisition
Environment with Reusable Ontologies) [75] which offers formal, linguistic, and
graphical methods for retrieving and adapting concept definitions from a given
ontology. The supplementation of graphical methods with formal and linguistic means,
i.e. with classification mechanisms and natural language processing features, achieves
a flexible way for reusing ontologies. The SKC project (Scalable Knowledge
Composition) [55] aims at developing an algebra for systematically composing
ontologies from already existing ones. It aims at offering union, intersection, and
difference as basic operations.

Various kinds of formal languages are used for representing ontologies, among others
description logics (see eg. LOOM [63] or CYCL [61]), Frame Logic [56], and
Ontolingua [50], which is based on KIF ( Knowledge Interchange Format) [45], and is
basically afirst-order predicate logic extended with meta-capabilities to reason about
relations.

2.4  Specification Approaches in Knowledge Engineering

Over the last ten years a number of specification languages have been developed for
describing KBSs. These specification languages can be used to specify the knowledge
required by the system as well as the reasoning process which uses this knowledge to
solve the task assigned to the system. On the one hand, these languages should enable
a specification which abstracts from implementation details. On the other hand, they
should enable a detailed and precise specification of a KBS at alevel which is beyond
the scope of specifications in natural language. This area of research is quite well
documented by a number of workshops and comparison papers based on these
workshops. Surveys of these languages can be found in [41], [34] provides a
comparison to similar approaches in software engineering. [91] provide insights as to
how these languages can be applied in the broader context of knowledge management.
As mentioned above, we can roughly divide the development of knowledge
engineering into a knowledge transfer and a knowledge modelling period. In the
former period, knowledge was directly encoded using rule-based implementation
languages or frame-based systems. The (implicit) assumption was that these
representation formalisms are adequate to express the knowledge, reasoning, and
functionality of a KBS in a way which is understandable for humans and computers.
Serious difficulties arose, however [19]:

« different types of knowledge were represented uniformly,

» other types of knowledge were not represented explicitly,

» the level of detail was too high to present abstract models of the KBS,

» and knowledge level aspects were constantly mixed with aspects of the



implementation.

As a conseguence, such systems were hard to construct and to maintain when they
become larger or were used over a longer period of time. As a conseguence, many
research groups worked on more abstract description means for KBSs. Some of them
were till executable (like the generic tasks [16]) whereas others combined natural
language descriptions with semiformal specifications. The most prominent approach in
the latter area are the KADS and CommonKADS approaches [81] that introduced a
conceptual model (the Expertise Model) to describe KBSs at an abstract and
implementation independent level. As explained below, the Expertise Model
distinguishes different knowledge types (called layers) and provides different
primitives for each knowledge type (for example, knowledge roles and inference
actions at the inference layer) to express the knowledge in a structured manner. A
semiformal specification language CML [79] arose that incorporates these structuring
mechanisms in the knowledge level models of KBSs. However, the elementary
primitives of each model were still defined by using natural language.

Using natural language as a device to specify computer programs has well known
advantages and disadvantages. It provides freedom, richness, easiness in use and
understanding, which makesit a comfortable tool in sketching what one expects from a
program. However, its inherent vagueness and implicitness make it often very hard to
answer questions as to whether the system really does what is expected, or whether the
model is consistent or correct (cf. [54]). Forma specification techniques arose that
overcome these shortcomings. Usually they were not meant as a replacement for
semiformal specifications but as a possibility to improve the precision of a
specification when required. Meanwhile, around twenty different approaches can be
found in the literature ([41], [34]). Some of them am mainly at formalization. A
forma semantics is provided that enables the unique definition of knowledge,
reasoning, or functionality along with manual or automated proofs. Other approaches
aim at operationalization, that is, the specification of a system can be executed which
enables prototyping in the early phase of system development. Here, the evaluation of
the specification is the main interest. They help to answer the question as to whether
the specification really specifies what the user is expecting or the expert is providing.
Some approaches aim at formalizing and operationalizing (cf. e.g. the specification
language KARL [35]), however they have to tackle conflicting requirements that arise
from these two goals.

Specification languages for KBSs arose to formalize their conceptual models. They
use the structuring principles of semiformal specifications and add formal semanticsto
the elementary primitives and their composition (cf. [27], [28]). As introduced above,
the Expertise Model [81] describes the different types of knowledge required by aKBS
as well as the role of this knowledge in the reasoning process of the KBS. Based on
this, specification languages provide formal means for precisely defining:

» the goals and the process necessary to achieve them,

» the functionality of the inference actions, and

» the precise semantics of the different elements of the domain knowledge.

Definitions in natural language are supplemented by formal definitions to ensure



unambiguity and preciseness. The structure of the conceptual models organizes the
formal specification in a natural manner, improving understandability and simplifying
the specification process.

3 Modeling Frameworks

In this section we will describe different modeling frameworks which address various
aspects of model-based KE approaches: D3 [78] introduces the notion of configurable
role-limiting methods, CommonKADS [81] is noted for having defined the structure of
the Expertise Model, MIKE [4] puts emphasis on aformal and executable specification
of the Expertise Model as the result of the knowledge acquisition phase, and
PROTEGE-II [31] exploits the notion of ontologies.

It should be clear that there are further approaches which are well known in the KE
community, like e.g VITAL [82] and EXPECT [49]. However, a discussion of these
approaches is beyond the scope of this paper.

3.1 D3: Configurable Role-Limiting Methods

Role-Limiting Methods (RLM) [64] were one of the first attempts to support the
development of KBSs by exploiting the notion of a reusable problem-solving method.
The RLM approach may be characterized as a shell approach. Such a shell comes with
an implementation of a specific PSM and can thus only be used to solve a type of tasks
for which the PSM is appropriate. The given PSM also defines the generic roles that
knowledge can play during the problem-solving process and it completely determines
the knowledge representation for the roles such that the expert only has to instantiate
the generic concepts and relationships which are defined by these roles. Therefore, the
acquisition of the required domain specific instances may be supported by (graphical)
interfaces which are custom-tailored for the given PSM.

In order to overcome this inflexibility of RLMs, the concept of configurable RLMs has
been proposedConfigurable Role-Limiting Methods (CRLMS) as discussed in [76]

and implemented in D3 [78] exploit the idea that a complex PSM may be decomposed
into several subtasks where each of these subtasks may be solved by different methods.
In [76], various PSMs for solving classification tasks, Wkeuristic Classification or
Set-covering Classification, were analysed with respect to common subtasks. This
analysis resulted in the identification of shared subtasks like ,data abstraction” or
-hypothesis generation and test”. Within the CRLM framework a predefined set of
different methods are offered for solving each of these subtasks. Thus a PSM may be
configured by selecting a method for each of the identified subtasks. In that way the
CRLM approach provides a means for configuring the shell for different types of tasks.
It should be noted that each method offered for solving a specific subtask has to meet
the knowledge role specifications that are predetermined for the CRLM shell, i.e. the
CRLM shell comes with a fixed scheme of knowledge types. As a consequence, the
introduction of a new method into the shell typically involves the modification and/or
extension of the current scheme of knowledge types [76]. Having a fixed scheme of
knowledge types and predefined communication paths between the various



components is an important restriction which distinguishes the CRLM framework
from more flexible configuration approaches such as CommonKADS (see Section
3.2).

The D3 system places strong emphasis on supporting graphical knowledge acquisition
methods that allow domain experts to build up domain models themselves [7]. D3
offers a variety of form-based or graphical editors covering the basic types of editors
which are needed for knowledge acquisition:

» Object Forms are used to specify single objects together with their attributes and
their respective values.

»  Object-Attribute Tables are similar to relational database tables and allow entering
a collection of objects which all have the same atomic attributes.

*  Object-Object Tables are tables in which both rows and columns are labeled by
objects. These tables support the specification of simple relations between
objects.

* Object-Relation Tables are complex tables in which rows are labeled by object
attributes and columns by relations. This type of table provides a means for
entering relations between several attributes of an object.

» Hierarchies are used for entering taxonomic relations between objects or for
specifying decision tables.

All these different editors are integrated in a uniform user interface supporting a

flexible switching between the different editor types. Of course, grapical means cannot
conveniently cope with arbitrary n-ary relations between objects. Therefore, D3

includes graphical abstractions, which visualize such complex relations, but result in
some type of information loss [7].

In order to reduce the effort for implementing such graphical interfaces D3 includes
META-KA (Meta Knowledge Acquisition System) which generates the required
graphical editors from declarative specifications [44]. META-KA is based on the
object oriented representation of the knowledge types that are used for the system
internal knowledge representation. This internal representation is enriched by
information concerning the layout of the tables or the navigation structure that defines,
e.g., the menus and dialogue buttons which are offered to the user.

D3 was used in several application projects for developing KBSs. Examples are
medical diagnosis and tutoring systems or service-support systems for printing
machines (see [78] for more details).

3.2 The CommonKADS Approach

A well-known knowledge engineering approach Ks(DS [80] and its further
development toCommonKADS [81]. A basic characteristic of KADS is the
construction of a collection of models, where each model captures specific aspects of
the KBS to be developed as well as its environment. In CommonKADS we distinguish
the Organization Model, theTask Model, theAgent Model, theCommunication Model,

the Expertise Model and theDesign Model. Whereas the first four models aim at
modeling the organizational environment the KBS will operate in and the tasks that are



performed in the organization, the expertise and design model describe (non-)
functional aspects of the KBS under development.

Subsequently, we will briefly discuss each of these models and then provide a detailed
description of the Expertise Model:

Within the Organization Model the organizational structure is described together
with a specification of the functions that are performed by each organizational
unit. Furthermore, it identifies the deficiencies of the current business processes
and possibilities for improving these processes by introducing KBSs.

The Task Model provides a hierarchical description of the tasks which are
performed in the organizational unit in which the KBS will be installed. This
includes a specification of which agents are assigned to the different tasks.

The Agent Model specifies the capabilities of each agent involved in the execution

of the tasks at hand. In general, an agent can be a human or some kind of software
system, e.g. a KBS.

Within the Communication Model the various interactions between the different
agents are specified. Among other things, it specifies which type of information is
exchanged between the agents and which agent is initiating the interaction.

A major contribution of the KADS approach is its proposal for structuring the
Expertise Model, which distinguishes three different types of knowledge required to
solve a particular task. Basically, the three different types correspond to a static view, a
functional view and a dynamic view of the KBS to be built. Each type of knowledge is
modeled in a different layer of thi&pertise Model:

Domain layer: At the domain layer the domain specific knowledge needed to
solve the task at hand is modeled. This includes a conceptualization of the domain
in a domain ontology (see Section 2) and a declarative theory of the required
domain knowledge. One objective for structuring the domain layer is to model it
as reusable as possible for solving different tasks.

Inference layer: At the inference layer the reasoning process of the KBS is
specified by exploiting the notion of a PSM. The inference layer describes the
inference actions of which the generic PSM is composed as well asrdfs

which are played by the domain knowledge within the PSM. The dependencies
between inference actions and roles are specified in what is calletrance
structure. Furthermore, the notion of roles provides a domain independent view
of the domain knowledge.

Task layer: The task layer provides a decomposition of tasks into subtasks and
inference actions, including a goal specification for each task and a specification
of how these goals are achieved. The task layer also provides a means for
specifying the control over the subtasks and inference actions that are defined at
the inference layer.

CML (Conceptual Modeling Language) [79], a semi-formal language with a graphical
notation, is offered to to describe d@hpertise Model. CML is oriented towards
providing a communication basis between the knowledge engineer and the domain
expert during the model construction process.



The clear separation of the domain specific knowledge from the generic description of
the PSM at the inference and task layer enables, in principle, two kinds of reuse: on the
one hand, a domain layer description may be reused for solving different tasks by
different PSMs, on the other hand, a given PSM may be reused in a different domain
by defining a new view of another domain layer. This reuse approach is a weakening
of the strong interaction problem hypothesis [15]. In [81] the notion of a relative
interaction hypothesis is defined to indicate that some kind of dependency exists
between the structure of the domain knowledge and the type of task which is to be
solved. To achieve a flexible adaptation of the domain layer to a new task
environment, the notion of layered ontologies is proposed: Task and PSM ontologies
may be defined as viewpoints of an underlying domain ontology. Within
CommonKADS alibrary of reusable and configurable components, which can be used
to build up an Expertise Model, has been defined [13].

In essence, the Expertise Model and Communication Model capture the functional
requirements for the target system. Based on these requirements the Design Model is
developed, which specifies among other things the system architecture and the
computational mechanisms for realizing the inference actions. KADS ams at
achieving a structure-preserving design, i.e. the structure of the Design Model should
reflect the structure of the Expertise Model as much as possible [81].

All the development activities which result in a stepwise construction of the different
models are embedded in a cyclic and risk-driven life cycle model similar to Boehm'’s
spiral model [11].

The knowledge models of CommonKADS can also be used in a Knowledge
Management environment for supporting the knowledge acquisition process and for
structuring the knowledge according to different knowledge types [91]. This is a nice
example of how methods from KE may contribute to new fields like Knowledge
Management.

3.3 The MIKE Approach

The MIKE approach (Model-based and Incremental Knowledge Engineering) (cf. [4],

[5]) provides a development method for KBSs covering all steps from the initial
elicitation through specification to design and implementation. MIKE proposes the
integration ofsemiformal andformal specification techniques andprototyping into an
engineering framework. The integration of prototyping and support for an incremental
and reversible system development process into a model-based framework is actually
the main distinction between MIKE and CommonKADS [81]:

* MIKE takes theExpertise Model of CommonKADS as its general model pattern
and provides a smooth transition from a semiformal representatiosyyilag:re
Model, to a formal representation, th€ARL Model, and further to an
implementation oriented representation, fkeign Model. The smooth transition
between the different representation levels ofAtertise Model is essential for
enabling incremental and reversible system development in practice.

¢ In MIKE the executability of theKARL Model enables the validation of the
Expertise Model by means of prototyping. This considerably enhances the



integration of the expert in the development process.

In MIKE, the entire development process is divided into a number of subactivities:
Elicitation,  Interpretation,  Formalization/Operationalization,  Design,  and
Implementation. Each of these activities deals with different aspects of the system
devel opment.

The knowledge acquisition process starts with Elicitation. Methods like structured
interviews [29] are used for acquiring informal descriptions of the knowledge about
the specific domain and the problem-solving process itself. The resulting knowledge,
expressed in natural language, is stored in so-called knowledge protocols.

During the Interpretation phase the knowledge structures which are identified in the
knowledge protocols are represented in a semi-formal variant of the Expertise Model:
the Structure Model [69]. All structuring information in this model, like the data
dependencies between two inferences, is expressed in a fixed, restricted language
while the basic building blocks, e.g. the description of an inference, are represented by
unrestricted texts. This representation provides an initia structured description of the
emerging knowledge structures and can be used as a communication basis between the
knowledge engineer and the expert. Thus the expert can be integrated into the process
of structuring the knowledge.

The Structure Model is the foundation for the Formalization/Operationalization
process which results in the formal Expertise Model: the KARL Model. The KARL
Model has the same conceptual structure as the Structure Model whereby the basic
building blocks, which have been represented as natural language texts, are now
expressed in the formal specification language K4RL [35]. This representation avoids
the vagueness and ambiguity of natural language descriptions and thus helps to obtain
aclearer understanding of the entire problem-solving process. The KARL Model can be
directly mapped to an operational representation because KARL (with some small
limitations) is an executable language.

The result of the knowledge acquisition phase, the KARL Model, captures all
functional requirements for the final KBS. During the Design phase additional non-
functional requirements are considered [60]. These non-functional requirements
include efficiency and maintainability, but also the constraints imposed by target
software and hardware environments. Efficiency is already partially covered in the
knowledge acquisition phase, but only to the extent that it determines the PSM.
Consequently, functional decomposition is aready part of the earlier phases in the
development process. Therefore, the design phase in MIKE constitutes the equivalent
of detailed design and unit design in software engineering approaches. The Design
Model which is the result of this phaseis expressed in the language DesignKARL [58].
DesignKARL extends KARL by providing additional primitives for structuring the
KARL Model and for describing algorithms and data types. DesignK ARL additionally
allows the description the design process itself and the interactions between design
decisions.

The Design Model captures all functional and non-functional requirements posed to

the KBS. In the Implementation process the Design Model isimplemented in the target
hardware and software environment.



Theresult of all phasesisaset of several interrelated refinement states of the Expertise
Model. All these different model variants are explicitly connected to each other via
different types of links and thus ensure traceability of (non-)functional requirements

The entire development process, i.e. the sequence of knowledge acquisition, design,
and implementation, is performed in a cycle guided by a spiral model [11] as process
model. Every cycle produces a prototype of the KBS which may be evaluated by
testing it in the real target environment. The results of the evaluation are used in the
next cycle to correct, modify, or extend this prototype.

The MIKE approach as described above is restricted to modeling the KBS under
development. To capture the embedding of a KBS in a business environment, the
MIKE approach has been extended by new models which define different views of an
enterprise. Main emphasisis put on a smooth transition from business modeling to the
modeling of problem-solving processes[24].

3.4 The PROTEGE-II Approach

The PROTEGE-II approach [31] aims at developing a tool set and methodology for
the construction of domain-specific knowledge-acquisition tools [30] and knowledge-
based systems from reusable components, i.e. PSMs and knowledge bases.

In PROTEGE-II a PSM comes with a so-calleethod ontology (cf. [31], [84]): such a
method ontology defines the concepts and relationships that are used by the PSM for
providing its functionality. TheBoard-Game Method [31], e.g., uses among other
things the notions of ‘pieces’, ‘locations’, and ‘moves’ to provide its functionality, that

is to move pieces between locations on a board. In this way, a method ontology
corresponds to the generic terminology as introduced by the collection of knowledge
roles of a PSM (compare Section 2).

A second type of reusable components are domain knowledge bases which provide the
domain specific knowledge to solve a given task. Knowledge bases are accompanied
by domain ontologies that define the concept and relationships which are used within
the domain knowledge base.

Both PSMs and domain ontologies are reusable components for constructing a KBS.
However, due to the interaction problem the interdependence between domain
ontologies and PSMs with their associated method ontologies has to be taken into
account when constructing a KBS from reusable components. Therefore, PROTEGE-
Il proposes the notion of separatediators [90] to adapt PSMs and knowledge bases

to each other [47]. In contrast to PSMs and knowledge bases, mediators are
specifically for solving an application task since they are tailored towards adapting a
PSM to a knowledge base to solve a particular task.

Rather recently, PROTEGE-II has been embedded in a CORBA environment [73] in
order to make the different components accessible across different software
environments. In essence, each of the three components comes witlerfie
definition specified in the CORBA Interface Definition Language. Thus components
which run on different software platforms may communicate with each other and may
therefore be reused for building up a KBS.

Mediators may provide either a static or a dynamic mediation between PSMs and



knowledge bases. Static mediation means that al the knowledge that is needed by the

PSM is made available by the mediator when the first 'LoadKB’ request is issued by
the PSM. Thus all further knowledge requests can be handled by the mediator without
any further access to the underlying knowledge bAgeamic mediation allows for
access to the knowledge base at run-time. Such a flexible mediation may be needed in
cases in which the kind of knowledge that is needed by the PSM is dependent on user-
provided run-time inputs.

The PROTEGE-II approach has a long tradition in generating knowledge-acquisition
tools from ontologies [30]. For generating a knowledge acquisition tool one first has to
specify an ontology, i.e the concepts and their corresponding attributes. PROTEGE-II
takes such an ontology as input and generates as output a knowledge-acquisition tool
that allows domain specialists to enter instances of the domain concepts, i.e. domain
facts. The PROTEGE-II component for generating knowledge-acquisition tools is
comparable to the META-KA component of D3 (see Section 3.1): META-KA offers
more types of graphical editors, its degree of automation in generating a tool is,
however, lower compared to PROTEGE-II.

3.5 IBROWS: An Intelligent Brokering Service for Knowledge-Component
Reuse on the World-Wide Web

The World Wide Web is changing the nature of software development to a distributive
plug & play process. This requires a new method for managing software by so-called
intelligent software brokers. The European IBROWproject developed an intelligent
brokering service that enables third party knowledge-component reuse through the
WWW [10]. Suppliers provide libraries of knowledge components adhering to some
standard, and customers can consult these libraries -- through intelligent brokers -- to
configure a KBS suited to their needs by selection and adaptation. For achieving these
goals, IBROW integrates research on heterogeneous databases, interoperability, and
web technology with knowledge-system technology and ontologies. The broker can
handle web requests for classes of KBS by accessing libraries of reusable PSMs in the
Web and by selecting, adapting, and configuring these methods in accordance with the
domain at hand. The main focus of the current work is reasoning knowledge, i.e.
PSMs. The development of the description languaB&/L (Unified Problem-solving

Method Description Language) summarized a decade of research on specification
languages for KBSs. The language relies on a newly developed architecture for KBSs
that uses (stacks of) KBSs adapters to express component connection and refinement
[36]. This architecture provides a structured way for developing, adapting, and reusing
PSMs. The broker supports component selection, adaptation, and combination through
a user-guided browsing process and deductive inferences that relate goal descriptions
of tasks to competence descriptions of PSMs. Summing up in a nutshell, IBROW
integrates the results of KE in the new computational environments that are currently
arising.

4 Intelligent Information Integration and Information Services

The growth of on-line information repositories (such as the Internet) has made



information presentation and access much simpler. However, it has also become a
cliche to observe that this growth has vastly complicated tasks involving the finding
and synthesizing of precisely that information which someone islooking for. A tourist
planning atrip to Paris, for example, can not simply use a Web browser today to call
up a map showing the Italian restaurant closest to the Eiffel Tower. And the tourist is
likely to become even more frustrated upon realizing that the Web in fact contains all
the necessary information: maps of Paris, lists of restaurants and tourist sites, etc. The
problemsis not one of information distribution, but of information integration.

Constructing tools to simplify access to the wealth of available information constitutes
a significant challenge to computer science [68]. One specific challenge to be
addressed is the development of methods and tools for integrating partially
incompatible information sources. In that context the notion of mediators is proposed
as a middle layer between information sources and applications [90]. Among other
things, mediators rely on the notion of ontologies for defining the conceptualization of
the underlying information sources. Therefore, methods for constructing and reusing
ontologies are directly relevant for developing mediators.

TSIMMIS [17] stands for The Stanford-IBM Manager of Multiple Information
Sources. The goal of the TSIMMIS Project is to develop tools that facilitate the rapid
integration of heterogeneous information sources that may include both structured and
semistructured data. TSIMMIS uses a pattern-based approach to extract information
from different sources. All extracted information is represented in OEM, a semi-
structured data model which allows the user to cope with the varying structures found
in different Web sources. Mediators that integrate information from different sources
use these OEM structures as input and deliver OEM data as answers to queries.

[46] describes the Infomaster system, which is a generic tool for integrating different
types of information sources, like e.g. relational databases or Web pages. Each
information source is associated with a wrapper that hides the source specific
information structure of the information sources. Internally, Infomaster uses the
Knowledge Interchange Format for representing knowledge. Infomaster uses so-called
base relations for mediating between the conceptual structure of the information
sources and the user applications. The collection of base relations may be seen as a
restricted domain ontology for integrating the different heterogeneous information
SOurces.

Shopping agents [74] free the user from the need to search and visit several on-line
stores when trying to buy a product viathe WWW. At the request of the human client
they visit several of these stores and use wrappers to extract the provided product
information, and a mediator summarizes and integrates the results. These agents have
become commercial products in the meantime and are integrated into the services of
web search engines (cf. www.excite.com).

Ontologies are also used for supporting the semantic retrieval of information from the
World-Wide Web. The SHOE approach [62] annotates Web pages with ontological
information which can then be exploited for answering queries. Thus, the syntactic
based retrieval of information from the Web, as is familiar from the various Web
search engines, is replaced by a semantic based retrieval process. A further step is



taken in the Ontobroker project ([37], [25]) which uses a more expressive ontology
combined with a corresponding inference mechanism. Thus, the search metaphor of
SHOE is replaced by an inference metaphor for retrieving information from the Web
since the inference mechanism can use complex inferences as part of the query
answering process.

Such systems will soon spread throughout the WWW based on newly emerging
standards for information representation. The extendable Mark-up Language XML
[93] provides semantic information as a by-product of defining the structure of the
document. XML provides a tree structure to describe documents. The different leaves
of the tree have a well-defined tag and a context through which the information can be
understood. That is, structure and semantics of document are interweaved. The
Metedata initiative of the W3C (the standardization committee of the WWW)
developed the Resource Description Framework RDF! [66] which provides a means
for adding semantics to a document without making any assumptions about the
structure of thisdocument. Itisan XML application (i.e., its syntax is defined in XML)
customized for adding meta information to Web documents. It is currently under
development as a W3C standard for content descriptions of web sources and will be
used by other standards like PICS-2, P3P, and DigSig. The Dublin Core [23] is a set of
fifteen metadata elements intended to facilitate the discovery of electronic resources.
Originally conceived for the author-generated description of Web resources, it has also
attracted the attention of formal resource description communities such as museums
and libraries. It corresponds to a simple ontology that fixes the content of meta-
descriptions.

5 Knowledge Management and Organizational Memories

Knowledge Management (KM) receives more and more interest. Companies recognize

that in the knowledge economy what organizations know is becoming more important

than the traditional sources of economic power - capital, land, plants, and labor. It is
important to recognize that KM is a multidisciplinary application area and that single
solutions from one discipline do usually not work in a complex environment.
Disciplinesinvolved are e.g. management sciences, sociology, document management,
ergonomics, computer supported cooperative work (cf. [26], [92] and Knowledge
Engineering: Exploiting and protecting intellectual assets (cf. [71]) isobviously related

to the aims of Knowledge Engineering. Usually, the task of KE is the ,engineering” of
knowledge with the construction of a KBSs in mind. This is not necessarily true in
Knowledge Management: the outcome of a Knowledge Management Strategy may not
be a KBS, not even a computer-based system. Even changes in the culture of an
organization can support Knowledge Management. However, from an IT-point of view
an Organizational Memory Information System (OMIS) (cf. [83], [1], [57]) plays an
important role in KM.

1. See http://www.w3c.org/RDF.



5.1  Technological Support for Knowledge Management

Knowledge Engineering provides strong support for the tasks of building an OMIS,
e.g. for elicitation of the content, for building and maintenance, and for knowledge
retrieval and utilization. Thus it is no wonder that many knowledge €licitation tools
and techniques exist which can be used inside an OMIS, e.g. for initial acquisition of
knowledge or for an incremental use during the life-cycle of an OMIS. However, as
mentioned before Knowledge Elicitation tools are not the only part of an OMIS,
instead many other system components have to be integrated. To support these
integration tasks and to enable, e.g., ontology-based knowledge retrieval [8] the
congtruction of three different kinds of ontologiesis suggested ([1], [91]):

» Information ontology: This ontology describes the information meta-model, e.g.
the structure and format of the information sources. This supports the integration
of information and is the lowest level ontology.

» Domain ontology: This ontology is used to describe the content of the information
sources and can be used, e.g., for knowledge retrieval.

» Enterprise ontology: This ontology is used in modeling business processes. Its
purpose is to model the knowledge needs in business processes so as to describe a
process context, which enables active knowledge delivery.

These ontologies provide a basis for interoperability at several layers and enable more
sophisticated use of the knowledge in an OMIS. The construction of these ontologies is
itself a knowledge engineering task and can be supported by tools and techniques.

5.2 Knowledge Engineering vs. Knowledge Management

KE can provide a basis for Knowledge Management, but it is imporant to have the
following differences between an OMIS and a KBS in mind:

» A KBS focuses on the solution of a single task. This is not true for an OMIS: it
supports at least a collection of different business processes and thus has to
support different tasks.

* A KBS contains knowledge at a high level of formalization, whereas an OMIS
consists of knowledge at different formalization levels, e.g. documents, hypertext
(cf. [32]), and formal knowledge bases. Typically, informally represented
knowledge is usually much more important than formally represented knowledge.
In KM the final consumers of the knowledge are human beings, not the system
itself.

« An OMIS integrates different kinds of knowledge (e.g. ,Best Practices” and
~Experiences” (cf. [3], [59]), ,Design Rationales” [14], Process Knowledge [65]]
at different levels of representation. Because KBS aim at solving single tasks,
their knowledge requirements are very homogenous.

» Groupware and knowledge dissemination techniques are usually not part of a
KBS, but are essential for an OMIS because the knowledge inside the system has
to be communicated to the employees. In addition an OMIS has to integrate many
different preexistingsystem components and legacy applications, which are
selected for a specific knowledge management strategy



A KBS can be part of an OMIS. Then it supports the knowledge-based solution of

single business tasks. Furthermore several techniques developed in KE can contribute

to a methodology for building an OMIS and supporting a Knowledge Management

Strategy (cf. [24], [91]). The CommonKADS-Methodology, e.g., can help to identify

and analyze a company’s knowledge-intensive work processes. So we can conclude,
that KE does not only provide tools and methodologies for building KBSs based on
PSMs, but can also serve as to a great extend as a general framework for building an
OMIS. For more details and references cf. [72].

6 Conclusion and Related Work

During the last decade, research in Knowledge Engineering resulted in several
important achievements. Notable developments are:

» Within the framework of model-based Knowledge Engineering, model structures
have been defined which clearly separate the different types of knowledge which
are important in the context of Knowledge-based Systems (KBSs¥xpaerise
Model is the most prominent example of these models.

¢ The clear separation of the notions of task, problem-solving method, and domain
knowledge provides a promising basis for making the reuse-oriented development
of KBSs more feasible.

» The integration of a strong conceptual model is a distinctive feature of formal
specification languages in Knowledge Engineering.

The notion of knowledge level models which evolved in Knowledge Engineering
during the last decade is a promising general concept for modeling knowledge. Thus,
other fields, like Knowledge Management or Intelligent Information Integration, that
heavily rely on building up knowledge models may directly profit from these notions
and the available modeling tools.

Reusing software components that are available in some kind of Web repositories
becomes an interesting perspective for developing application systems. Again the
Knowledge Engineering concepts of ontologies and problem-solving methods are a
promising starting point for developing intelligent software brokering services. The
framework of the IBROW approach [10] is a first step in developing and
implementing such brokering services.
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